Gas metal arc welding (GMAW) can be considered the most widely used process in automated welding due to its high productivity. However, its solid to liquid metal transfer also complicates the process and causes fumes and spatters. It needs to be better understood and controlled for assured weld quality, improved process stability, and reduced fumes, spatters, and energy consumption. For automated robotic gas metal arc welding, automatic and efficient image processing algorithms are required to extract the metal transfer robustly. In addition, the machine vision apparatus in real welding environments should be compact and easy to handle. To this end, a simplified laser back-lighting based monitoring system is proposed to measure the metal transfer in this paper. To facilitate the image analysis, the arc light and the image are modeled based on the physical laws. A double-threshold method is proposed to segment the image robustly with a linear membership assigned to the fuzzy edge region. To compute the two thresholds accurately and simultaneously, slope difference is calculated for the histogram distribution and the gray-scale positions with the largest and second largest peaks are selected as the two thresholds respectively. Experimental results verified the effectiveness of the on line monitoring system and the subsequent automatic image processing methods.
Introduction
Gas metal arc welding (GMAW) is the most widely used process in automated welding industry. Because of its consumable electrode, GMAW has a higher productivity than another widely used arc welding processgas tungsten arc welding (GTAW). However, although the consumable electrode increases the productivity, its solid to liquid metal transfer complicates the process. Especially, the metal-transfer process plays an important role in determining the arc stability, resultant weld quality, and production of fumes and spatters. To better understand and control GMAW process, the metal transfer process has been studied widely. A lot of metal-transfer sensing methods have been proposed [1] [2] [3] [4] [5] [6] [7] [8] [9] [10] . In [7] , a technique named as laser back-lighting is proposed to image the metal transfer with good quality and contrast. This back-lighting technique has been adopted by many other researchers to conduct metal transfer research [8] [9] [10] . In [8] , the back-lighting apparatus is used to determine the surface tension of the metal transfer droplets. In [9] , the back-lighting apparatus is used to image and classify the metal transfer modes by setting different welding parameters. In [10] , the back-lighting apparatus is used to image and control the metal transfer.
However, none of them addressed the issue of automatic image processing algorithms for automated robotic welding. Instead, the past efforts were focused on the study of the relationship between the metal transfer and the welding parameters. Since machine vision has been widely recognized as the important component part of the next generation intelligent welding robots, automatic and robust image processing algorithms become essential for the potential applications of the related robotic welding techniques. To fill in the research gap and be well prepared for the next generation machine vision guided robotic welding, a series of image processing algorithms are proposed to automatically and robustly extract the useful metal transfer information in this paper.
In [10] , the authors developed a closed loop control system that controls the metal transfer by the detaching of the droplet imaged by the back-lighting apparatus. Fig. 1 shows the 16 adjacent images with both droplet and undetached liquid metal from the video captured by the back-lighting apparatus developed in [10] . The detaching of the droplet is determined by the droplet's downward momentum that is mainly affected by the current ejection level and the mass of the droplet. The trajectory of the droplet and current phase can be matched. The authors tried to achieve one droplet per pulse by switching the current to base current after the droplet's detachment. The position of the droplet was extracted in pixel and its trajectory was matched with the current phase to achieve one droplet per pulse. The conclusion was drawn that the droplet with greater size results in slower oscillation. Their monitoring system calculated the detaching of the droplet whose frequency was mainly determined by the mass of the droplet. Unfortunately, the mass of the imaged droplet was not calculated at that time due to the lack of automatic and robust image processing algorithms. For more accurate control, both the size of the droplet and the undetached liquid metal are required, which was not addressed by any past research adequately. In addition, the authors stated that "a significant limitation of the developed control system is the use of the imaging system. To actually apply the proposed metal transfer control principle to GMAW, a low cost compact sensor must be developed." As can be seen, the complex back-lighting apparatus is not suitable for the practical robotic welding. To solve this issue, a simplified back-lighting based monitoring system was developed. In addition, automatic and robust image processing algorithms were proposed to extract the metal transfer information on line.
This paper is organized as follows. First, the proposed monitoring system is described in Section 2. Some typical images captured by the proposed monitoring system are shown. In Section 3, the captured images are analyzed. In Section 4, state of art segmentation methods are evaluated and analyzed. In Section 5, double-threshold method is proposed to segment the droplet and the undetached liquid metal. Effective methods are also developed to extract the metal transfer information. More experimental results are shown in Section 6 to demonstrate the effectiveness of the proposed monitoring system and image processing algorithms. Finally, conclusions are drawn and future work is discussed in Section 7. Fig. 2 shows the diagram of the proposed monitoring system installed on a pulsed welding system which is powered by an adaptive pulse GMAW machine whose welding voltage and current are shown in Fig. 3 (a) and (b). The mild steel electrode wire with the diameter 1.2 mm is used. The used shielding gas is 95% Argon and 5% CO 2 with a flow rate of 17 L/min. The pulsed GMAW system controls the welding current and wire feed speed through the central controller and obtains the metal transfer information through the developed laser backlighting system. A high speed camera connected with a high speed frame grabber is aimed at the imaging plane orthogonally and recorded the images in real time for on line feedback control. A 20 milliwatt laser centered at 685 nm with 10°divergent angle is projected across the metal transfer process and reaches the imaging plane placed on the other side. As pointed out in [10] , the complex optical lens is difficult to set up in practical welding environments. In addition, the complex optical lens could not avoid the bad effect of arc light which fails the segmentation by a global threshold. Most importantly, effective image processing algorithms could extract the metal transfer information robustly no matter the images are captured with or without the complex optical lens. Hence, they are removed in the developed monitoring system. Without parallel rays, the imaged metal transfer will be enlarged and off-line calibration is needed to compute a scalar which is then used to transform the enlarged coordinate back to the real one. The wire with known width W 1 in mm is imaged at the imaging plane and its width W 2 in pixel in the camera view is computed. The scalar is computed by W W / 1 2 . During on line monitoring, the computed width will be multiplied by W W / 1 2 and the computed size/area will be multiplied by W W / 1 2 2 ( ). A potential advantage of the divergent laser is that images with larger droplets are captured, which might increase the image processing accuracy.
Simplified laser back-lighting based monitoring system
As shown in Fig. 2 , the imaging plane is placed at a distance d2 300 = mm from the welding torch where the intensity of the arc radiation has been sufficiently reduced while the laser is still strong enough. The laser projector is placed at a distance d1 250 = mm from the torch on the other side to ensure that the metal transfer can be imaged fully by the laser beam and the beam is also strong enough when reaching the imaging plane.
Three examples of typical metal transfer images are shown in Fig. 4 (a)-(c). The droplet exists in (a) and the wire tapering is insignificant. In (b), there is no droplet and the wire tapering is still insignificant. A significant tapering is shown in (c). It is caused by the fact that the peak current has exceeded the transition current while this current is considered the minimal current level needed to produce the droplet no larger than the wire's diameter. The image looks noisy and the contrast is low. The effectiveness of the Gaussian weighted kernel moving filter in suppressing the noise has been verified in the past research [11, 12] . The Gaussian kernel is formulated below:
where x μ and y μ are the pixel value of the kernel center. s is the standard deviation of the kernel. The filtered images are shown in Fig. 5 (a)-(c). As can be seen, the fuzziness of the images is reduced sufficiently and the effectiveness of the filter is justified further.
Image analysis
The physical model of the arc light is used to analyze the captured image. The surface brightness I b of a specific position p on the imaging plane caused by the arc light is modeled by the following equations [13] :
where N → is the surface normal at position p. α is the angle between the surface normal and the incident light. C denotes the color value. r is the distance between the arc light center and position p. v is the spectral frequency of arc light and h is the planck's constant. c is the speed of the light and k is the boltzmann's constant. T is the temperature of arc light source which is determined by the welding current. Since the welding current changes periodically, the temperature T changes accordingly with it. Consequently, the brightness I b at position p changes alternately from frame to frame in the time domain.
The brightness at different position on the imaging plane varies with its distance r to the arc light center. Combining Eq. (2-, 4), we get:
where C b is constant for one frame and varies from frame to frame with the value of T . d is the distance from the arc light center to the imaging plane. From Eq. (5), it becomes much obvious that the intensity distribution produced by the arc light effect on the captured image is inversely proportional to r 3 . In the image, the intensity distribution caused by the arc light can be modeled as: Accordingly, the intensity distribution of the image impacted by both the laser and the arc light can be modeled as:
where p is a constant representing the intensity caused by the laser light. The gray-scale distribution of the area blocked by the droplet or the wire tip should be 0 ideally. However, it is affected by the scattered laser and arc light. Thus it can be modeled as:
). From the above equations, there are two major difficulties for the segmentation problems: 1), the gray-scale distribution of the blocked area is the modification of the light illuminated area, which means that a low threshold (close to 0) will not segment the droplet accurately. 2), the gray-scale distributions of these areas are unevenly distributed, which makes it difficult for a global threshold to segment the image accurately. Fortunately, the arc light distribution does not vary greatly due to the deliberately selected imaging distance where the arc light has already been attenuated greatly. Hence, the uneven intensity caused by the arc light in a small region will not cause the segmentation by threshold selection method to fail, which will be validated in the following sections. Thus, a region of interest (ROI) is defined for accurate segmentation of the droplet and undetached liquid metal. Besides the uneven background, the image also looks fuzzy, which is mainly caused by the arc plasma which refracts the laser. The refraction of the laser affects the sharpness of the edge and the gradient of the gray-scale at the edge of the droplet and tapering. The variability of arc plasma in the arc welding causes the variability of the pixel intensity and fuzziness at the edges. To deal with the fuzziness effectively, [12] and [14] have proposed a second order model to fit the detected edges and compute the position and size of the droplet more accurately than threshold segmentation methods [15] [16] [17] [18] [19] [20] [21] [22] . In this paper, we will introduce a linear membership function to deal with the fuzzy edge of the droplet and then propose a double-threshold segmentation method in Section 5.
Evaluation of state of art threshold selection methods
As the most widely used segmentation method for gray-scale images, automatic threshold selection method has been studied extensively in the past decades [15] [16] [17] [18] [19] [20] [21] [22] . We choose the most popular ones to segment the enhanced images. As analyzed in the above section, a ROI is defined first. Considering the resolution of the captured image and the average size of the droplet in the image, we define the ROI as 50 Â 50 around the center of the droplet.
The following threshold selection methods, histogram shape method, histogram bi-level function approximating method, Otsu's method, entropy method and fuzzy entropy method are evaluated. A typical droplet image is selected for segmentation by these five methods and the results are shown in Fig. 6 . The results show that only histogram shape method and fuzzy entropy method could find an acceptable threshold which is 45 for the selected droplet image. However, the histogram shape method is easy to fall in local minimum for the unsupervised segmentation and the fuzzy entropy method has an undesirable computation complexity in finding the global maximum value for real time application. Most importantly, none of these methods deal with the fuzzy edge of the image satisfyingly since uncertainty exists at the edge region. In [13] , a new threshold selection method that performs significantly better than all the other threshold selection method has been proposed. In this paper, we will make use of the proposed threshold selection in [13] and the implied two thresholds at the concave valley in Fig. 6(a) .
Proposed algorithms
The objectives of the image processing are to (1) accurately identify the outlines or contours of the detached droplets and undetached liquid metal; (2) compute the characteristic parameters of the metal transfer image from the identified outlines. First, we need to determine if the droplet exists in the image. If the droplet exists, we need segment both the droplet and undetached liquid metal and compute their characteristic parameters. If no droplet exists, we only need to segment the undetached liquid metal and compute its characteristic parameters. The most challenging part of this work is to segment the fuzzy zone of the droplet or the liquid metal accurately.
Droplet detection
To detect if there is a detached droplet and then locate the droplet if it exists, the image is binarized first using a rough threshold determined by offline analysis. As discussed in Section 3, the intensity of the arc radiation on the image plane fluctuates from frame to frame with the current. Thus the threshold should vary accordingly. In addition, based on the model formulated by Eqs. (7) and (8) and the subsequent analysis, we need to define a ROI for the subsequent processing. We select the ROI as 200 Â 100 around the center of the wire tip directly based on the fixed imaging distance, imaging resolution and welding process. The threshold is then formulated as follows:
where both T o and T Δ are constants computed from the grayscales of several frames offline. i N 1, 2, 3, ... , = is the index of captured images. This global threshold is used to detect if there is a droplet instead of accurately segmenting it.
Droplet segmentation by double threshold method
If a droplet is detected, a smaller ROI 30 Â 30 is defined around the center of the detected droplet. To deal with the fuzziness of the edge region and identify the outline of the droplet accurately, we propose a double threshold method to find an underestimate for the droplet using a relatively low threshold T 2 and find an overestimate for the droplet using a relatively high threshold T 1 . The region between the two contours is referred to as the fuzzy region where the laser refraction's effect is significant. While any pixel inside the inner contour or outside the outer contour is referred to as droplet or non-droplet respectively with confidence, it is uncertain if a particular pixel in the fuzzy region is a droplet point or non-droplet point. We use a linear membership function to assign a membership to each pixel in the fuzzy region instead of determining it as droplet point or non-droplet point. The linear membership function is based on the Euclidean distance between the gray-scale G i and the threshold T 1 in the gray-scale domain and it is formulated as: where N denotes the number of pixels in the ROI and G i denotes the gray-scale value of the ith pixel at the fuzzy region. A region which contains the center region, the fuzzy region and laser illuminated region is defined as Region of Droplet (ROD). All pixels O s j M 1, ... , j ′ ( = ) in the ROD can be sorted based on the grayscale. If the pixel index is considered as x coordinate and the gray-scale is considered as y 0 , an equation y y x 0 = ( ) would be resulted and the increase of y x 0 ( ) with x would never be negative because of the sorting. It is apparent that when y x 0 ( ) (gray-scale) increases with x (the pixel index) from the center of the droplet, through the fuzzy region, to the laser illuminated region, y x 0 ( ) changes most abruptly at the two boundaries. Hence, it is appears to be reasonable to define an optimal T 1 at the outer boundary and define an optimal T 2 at the inner boundary respectively as formulated by Eq. (10). As can be seen, accurately determining the two thresholds, T 1 and T 2 is critical for the accurate segmentation of the droplet. From the state of art literatures [15] [16] [17] [18] [19] [20] [21] [22] , we could not find any automatic method that is capable of computing two thresholds for one image simultaneously and accurately. In the past research [13] , a flexible threshold selection method has been proposed to compute multiple thresholds simultaneously and robustly. Here, we utilize it to compute two thresholds for this application.
The previously proposed threshold selection method is based on the assumption that the variation of the histogram distribution is greatest at the threshold point. When there are multiple thresholds, multiple variation peaks will occur. When the grayscale value increases with the order index from the droplet center, through the fuzzy area points, to the laser illuminated area points, there should be an optimal threshold T 1 at the outer boundary and an optimal A Laser Back Lighting Based Metal Transfer Monitoring − System for Robotic Gas Metal Arc Welding at the inner boundary. Its implementation comprises the following four steps:
Step 1: for each 30 Â 30 ROI, a ROD is computed based on with the relative high threshold T 20 g + . All pixels in the ROD are sorted based on their gray-scales and form a distribution.
Step 2: for any point on the sorted distribution, there are two slopes, one on the left and the other on the right. They are computed by fitting a line model with seven adjacent points at each side. The line model is formulated and computed as: 
= [ … ] ( )
Step 3: two slopes at point i, a i 1 ( ) and a i 2 ( ), are then obtained from Eq. (12) . Then the slope difference, s i d ( ), at point i is computed:
where N s is the total number of pixels in the ROD.
Step 4: Find the two positions with the largest peak and the second largest peak corresponding to T 1 and T 2 respectively. Fig. 7(a) shows the droplet in the 30 Â 30 ROI. The bright area in Fig. 7(b) shows the ROD obtained using T 20 g + . A larger threshold is used to increase the number of points with higher gray-scale in order to calculate the slope of the fitted line on the right of the boundary points as can be seen in Fig. 7(b) . The sorted gray-scale distribution is shown in (c). As can be seen from Fig. 7  (c) , the gray-scale distribution is almost linear and the boundary points are difficult to identify visually. However, there are still variations and the maximum slope difference principle is thus applied to determine the boundary points statistically. Fig. 7  (d) shows the plot of the computed slope differences. It is seen that the global peak occurs at horizontal coordinate 65 which corresponds to gray-scale value 29.76 in Fig. 7(c) . This position is expected to be the boundary between the center region and the fuzzy region and T 2 is thus chosen as 29.76. There is also a secondary peak which occurs at horizontal coordinate 122 which corresponds to the gray-scale 33.92 in Fig. 7(c) . Hence, 33.92 is selected as T 1 for the boundary between the fuzzy region and laser illuminated region.
In Fig. 7(c) , the distribution appears too gradual and the characteristics of the gray-scale gradient in these three regions are not observable. The results obtained from such a gradual distribution are not most trustable. To investigate further, the ROD is replaced with a 5 Â 20 slice selected from the center of the 30 Â 30 ROI. Fig. 9(a) shows the selected slice with corresponding pixels from the ROI and (b) gives its sorted gray-scale distribution. In (c), all points with gray-scale greater than 40 are not plotted to exclude apparent laser illuminated points for better visual effect. Now it is apparent that the distribution contains three regions: approximately [1 42 ] represents the center part of the droplet, approximately [43 62] represents the fuzzy region of the droplet, and approximately [63 84] represents the laser illuminated region around the droplet. Fig. 9(d) shows the plot of the slope differences computed from Fig. 9(c) . As can be seen, two maximum peaks occur at horizontal coordinate 42 and 62 respectively. The corresponding T 2 is 29.9 and the corresponding T 1 is 34.04. Although they are similar with those computed earlier from the gray-scale distribution of the whole region, the confidence of the decision is improved because the decision is made based on observed characteristics of gray-scale gradient in the three regions. A careful thinking suggests that in the distribution generated from the whole region as shown in Fig. 8(c) , the gradient change in a two-dimensional world has been re-arranged in one-dimensional world such that the more points in the laser illuminated area are included. As a result, the number of pixels used in the distribution increases as the distance from the center of the droplet toward the laser illuminated area. Hence, the gradient is reduced from its original visual impact as the distance increases and the confidence level is thus also reduced. By taking a slice, the one-dimensional characteristics of the gradient change across the three zones are preserved in its gray-scale distribution shown in Fig. 9 (c) and the decision confidence and accuracy are improved. Substitute the two automatically determined thresholds T 1 and T 2 into Eq. (10), the droplet is segmented as shown in Fig. 9 . The area of the droplet is computed as:
The position of the droplet is computed as follows:
where x i and y i are the vertical and horizontal coordinates of the ith point respectively.
Droplet segmentation by angle-edge modeling method
To verify the robustness of the proposed double-threshold method, we utilize the proposed method in [14] to compute the droplet and then compare the results with those of the proposed double-threshold method. Eqs. (11) (12) (13) (14) (15) are used to detect the edges of the droplet along the direction of the droplet's center to the boundary. The maximum peak is selected and the corresponding position is chosen as an edge. Fig. 10 (a) and (c) show two the detected edges for two different droplets. As can be seen, the detected edges form a fuzzy zone that fails all the one threshold segmentation methods.
After all the edges are detected, the following second order model is used to fit the boundary of the droplet. where r is the radius pointing from the droplet center to the detected edge and θ is the angle of the radius vector. a 0 , a 1 and a 2 are the coefficients that can be calculated by least squares estimation using all the detected edges which can be denoted by r i N , ;
1, 2, , 
To verify the effectiveness of the proposed double-threshold method, the droplets in twenty adjacent frames are segmented and computed by the proposed double threshold method and angle edge modeling method respectively. The average areas computed by these two methods and their computational time are shown in Table 1 . As can be seen, the accuracy of the proposed double threshold method is similar to that of the angle edge modeling method while it is much more efficient. Hence, the effectiveness of the proposed double threshold method is verified.
Undetached liquid metal segmentation by double threshold method
A 120Â 40 ROI is selected for accurate segmentation of the undetached liquid metal. Similarly, a 20 Â 40 slice is used to generate the gray-scale distribution and compute the slope differences. Fig. 11 (a) shows an example of the selected slice. Fig. 11(b) shows the sorted gray-scale distribution. As can be seen, it also contains the same three parts as in the droplet processing. We still eliminate the brightest laser illuminated part to exclude apparent laser illuminated points and the resultant distribution is shown in Fig. 11(c) . Fig. 11(d) plots the computed slope differences. Fig. 12 shows the segmentation results with the computed double thresholds.
After the liquid metal is segmented, its width distribution is computed by the following equation. where P x y , ( ) is the probability of pixel at position x y , (
). X max is the size of the ROI in the row direction.
The solid-liquid boundary position Y s is computed based on the maximum slope difference from the width distribution as illustrated in Fig. 13 . As can be seen, the global maximum occurs at horizontal position 6. Hence, the boundary point occurs at position 6. A careful observation of the image suggests that this estimate is accurate.
Then the length and area of the undetached liquid metal are computed by following equations respectively.
where Y e denotes the point where the liquid metal stops.
Results and discussions
To verify the proposed methods, we select ten adjacent frames from the recorded video that contain both droplets and detached liquid metals. Since all the captured images comply with the model of Eqs. (7) and (8) , thus the qualitative results are adequate to evaluate the accuracy.
Processing results
Ten adjacent images are processed by the proposed doublethreshold method and the results are shown in Fig. 14. Since some frames do not contain the droplet, the processing results return none. For each frame, we give the original image, the segmentation result by the smaller threshold, the segmentation result by the larger threshold and the segmented fuzzy area with probabilities. Only six droplets exist in these 10 frames and their areas and positions are plotted in Fig. 15 . As can be seen, both the size and position of the droplet change periodically. Fig. 16 shows the segmentation results of undetached liquid metal and Fig. 17 shows the change of solid-liquid boundary position, the change of end position of the liquid metal, their computed lengths and average widths. From these results, we see that both the droplet are undetached liquid metal are segmented with adequate accuracy. The periodicity of metal transfer is conveyed successfully.
Real time processing evaluation
In the developed on line monitoring system, a high speed camera connected with a high speed frame grabber is aimed at the imaging plane. The maximum capturing rate can be up to 420 frames per second. The frame rate used in this research work is 200 frames per second and the processing speed for doublethreshold method is about 100 frames per second, which are adequate for the control of the current period shown in Fig. 3(a) . In [10] , the frame rate of 800 is used and the plotted positions for one droplet are much more than those in this research. As plotted in The used hardware for the monitoring system include 1), a computer with Intel s Pentium s M processor dual core at 2.99 GHz and 8 G RAM; 2), a Matrox Meteor-II/Digital frame grabber with a maximum grabbing rate at 420; 3), a DALSA CA-D6 industrial camera with a maximum frame rate at 920; 4) a laser generator with 20 mW, 685 nm, 10°divergent angle; 5), an imaging plane which consists of a transparent glass and a white paper. The used software include 1) Windows XP operation systems; 2) Matrox image processing library.
Discussions
The original contributions of this paper include: 1), the model of the arc light and image facilitates the subsequent image analysis and would benefit other researchers in coming up with effective image processing algorithms for the captured images affected by the arc light.
2), a double-threshold segmentation method is proposed to segment fuzzy edge images. The fuzzy region is computed by a linear membership function. The segmentation accuracy is verified by the previously justified method [12] [13] [14] . The advantage of the double-threshold method over other threshold selection methods [15] [16] [17] [18] [19] [20] [21] [22] is its better accuracy in segmenting fuzzy images. The advantage of the double-threshold method over the previous angle-edge method [12] [13] [14] is its better efficiency and all sidedness. The double-threshold method could be used to compute both the droplet and the undetached liquid metal while the angle-edge method could only be used to model the droplet.
3), a simplified laser back-lighting based monitoring system with available hardware and software is developed at the lab and its real time processing ability is verified by the real data. Compared to the past research [7-10], the simplified system is costeffective and easy to be handled in real welding environments. The proposed monitoring system is capable of robustly extracting the metal transfer information on line with the proposed automatic and efficient image processing algorithms while this important capability was not addressed by the past research [7] [8] [9] [10] .
When an image based real-time feedback control system is developed to control the metal transfer process, a much reduced arc length may be used without unintentional short-circuiting. This would improve the concentration of the arc such that the needed weld penetration is achieved with a reduced current. The reduced arc length also directly reduces the arc voltage. Both of these two reductions lead to a reduction in the energy consumption. In addition, the reduced arc length also reduces the impact of the droplets on the weld pool and thus reduces the chances to generate spatters. With the image based feedback, it is also possible to switch the current from the peak level rapidly right after the droplet is detached. The reduced application time of the peak current would greatly reduce the over-heating on the droplet metal that produces harmful smokes and metal vapors. In summary, a monitoring system based feedback control system would reduce the energy and be more environment-friendly. This study establishes part of the foundation toward a closed loop welding robot control system that makes use of the monitoring system [13, [23] [24] for metal transfer control.
Conclusion and future work
This paper establishes a capability needed to monitor the metal transfer process for real-time control in the real welding environments. A cost-effective laser back-lighting based monitoring system is developed with available hardware and software to automatically extract the metal transfer information robustly and efficiently in real welding environments. For efficient and robust segmentation, the arc light and image are modeled mathematically, a double-threshold method is proposed to calculate two thresholds simultaneously from the histogram distribution and a linear membership function is proposed to calculate the fuzzy region. Experimental results verified the efficiency and robustness of the proposed image processing algorithms. Based on the on line monitoring results, a processing speed up to 100 frames per second was achieved, which is adequate for the control frequency.
The future work includes, but not limited to: (1), establishing a closed loop control system for P-GMAW metal transfer monitoring. (2), monitoring and controlling other welding processes with the proposed algorithms and system.
